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Abstract

Clinical trials seeking type 1 diabetes prevention are challenging in terms of iden-
tifying patient populations likely to progress to type 1 diabetes within limited (i.e.,
short-term) trial durations. Hence, we sought to improve such efforts by develop-
ing a quantitative disease progression model for type 1 diabetes. Individual-level
data obtained from the TrialNet Pathway to Prevention and The Environmental
Determinants of Diabetes in the Young natural history studies were used to de-
velop a joint model that links the longitudinal glycemic measure to the timing of
type 1 diabetes diagnosis. Baseline covariates were assessed using a stepwise co-
variate modeling approach. Our study focused on individuals at risk of developing
type 1 diabetes with the presence of two or more diabetes-related autoantibodies
(AADs). The developed model successfully quantified how patient features meas-
ured at baseline, including HbAlc and the presence of different AAbs, alter the
timing of type 1 diabetes diagnosis with reasonable accuracy and precision (<30%
RSE). In addition, selected covariates were statistically significant (p <0.0001
Wald test). The Weibull model best captured the timing to type 1 diabetes diagno-
sis. The 2-h oral glucose tolerance values assessed at each visit were included as a
time-varying biomarker, which was best quantified using the sigmoid maximum
effect function. This model provides a framework to quantitatively predict and
simulate the time to type 1 diabetes diagnosis in individuals at risk of developing
the disease and thus, aligns with the needs of pharmaceutical companies and
scientists seeking to advance therapies aimed at interdicting the disease process.
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Study Highlights
WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?

Type 1 diabetes (T1D) prevention clinical trials are particularly challenging in
terms of identifying patient populations with a high likelihood of progression to
clinical T1D over a narrow window of time. Clinical trials in the T1D prevention
space must be optimized to account for the presence of different antibody num-
bers, types, titers, and additional patient features.

WHAT QUESTION DID THIS STUDY ADDRESS?

The present work developed a quantitative T1D disease progression joint model
using individual-level data obtained from natural history studies to inform T1D
prevention trial designs.

WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?
The developed disease progression model can accurately predict the time-to-T1D

diagnosis of individuals at risk of T1D by combining different subjects’ character-
istics defined at the derived baseline.

HOW MIGHT THIS CHANGE DRUG DISCOVERY, DEVELOPMENT,
AND/OR THERAPEUTICS?

The use of the developed model has the potential to optimize T1D prevention
study designs; for instance, it could reduce the time of the trial and/or the number

INTRODUCTION

Type 1 diabetes (T1D) is a chronic autoimmune dis-
ease characterized by immune-mediated destruction of
insulin-producing beta cells and a lifelong dependence on
exogenous insulin to avoid diabetic ketoacidosis, hyper-
glycemia, and long-term microvascular and macrovascu-
lar diabetes complications. The incidence and prevalence
of T1D are increasing worldwide'; with projections show-
ing that the number of younger individuals with T1D in
the United States will be nearly tripled by 2050 in com-
parison with 2010.>* At the same time, over half of people
with T1D are adults underscoring the need to recognize
this disease at any age.*

Over the past several decades, substantial progress has
been made in the effort to better understand T1D patho-
genesis. For example, a new disease progression staging
paradigm that differentiates the development of T1D into
three phases was proposed in 2015 and is widely accepted
by the American Diabetes Association, International
Society for Pediatric and Adolescent Diabetes, and other
major diabetes organizations worldwide.®® In this para-
digm, stage 1 is characterized by the presence of two or
more islet autoantibodies (AAbs) with normoglycemia
and no clinical symptoms. Progression to stage 2 is char-
acterized by progression from normoglycemia to dysglyce-
mia in the context of ongoing autoimmunity and carries a
5-year risk of symptomatic disease of ~75%.° Finally, stage
3 is defined as the clinical diagnosis of the disease.

of enrolled individuals needed.

Despite many advances in the study of the pathophys-
iology and progression of T1D, there is currently just
one recently approved therapy to delay the onset of the
disease,'® and none to prevent it. In fact, insulin replace-
ment therapy, which was discovered over a century ago
and transformed T1D from an acutely fatal disease into
a chronic one (because it is not a cure), remains the pri-
mary treatment for T1D.! Drug development for T1D pre-
vention is active, and, consequently, several clinical trials
are being conducted to foster therapies intended to halt
or prevent the disease. Subject inclusion criteria for T1D
prevention trials frequently, but not always, include: (i)
presence of multiple AAbs and (ii) having a first-degree
relative with T1D. However, there is a clear need to better
identify patients likely to respond to prophylactic treat-
ments prior to a T1D diagnosis. Specifically, Warshauer
and collaborators'* have pointed out on the need to iden-
tify biomarkers for the purpose of enriching T1D preven-
tion trials for potential treatment responders. Therefore,
in the context of drug development, existing and emerging
biomarkers could be better leveraged to develop a quanti-
tative understanding of when T1D onset will likely occur,
but there is still much room for improvement in this area.

Disease-drug-trial models are uniquely positioned to
meet the before-mentioned need of T1D prevention tri-
als because they integrate information on the disease
processes, treatment effects, and variability therein in a
strictly quantitative fashion. The use of such models has
become standard in drug development and regulatory
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evaluation and is referred to as model-informed drug de-
velopment.'** The application of these models in quan-
titative model-based clinical trial simulation (CTS) tools
holds great potential for T1D drug development because
it is neither time- nor cost-efficient to evaluate all possible
scenarios in head-to-head clinical trials. CTS tools have
proven particularly valuable for optimizing clinical trial
design by informing the selection of biomarkers or sur-
rogate end points, inclusion/exclusion criteria, optimal
number of participants, trial duration, and frequency of
observations."” They also allow drug developers to simu-
late possible trial design scenarios prior to trial execution
enabling sponsors to optimize trial design characteristics,
reducing the overall costs of drug development, and in-
creasing the ability to detect efficacy. Some of these tools
have been generated in public-private partnerships that
include industry, academia, and regulatory agencies.'®’
Once developed and verified, these tools have undergone
review through formal regulatory pathways at the US Food
and Drug Administration and the European Medicines
Agency.

The objective of this study was to inform future T1D
prevention trial designs by developing a T1D disease pro-
gression model. The model aims to enable optimization of
study designs by accounting for relevant sources of vari-
ability including patient demographics (e.g., age, sex, and
first-degree relative status) and biomarkers (e.g., presence
of AAbs, glycemic measures, and genetics) to predict the
time to T1D diagnosis. A user-friendly T1D prevention
CTS tool will be developed utilizing this disease progres-
sion joint model in order to make it available to the non-
modeler audience.

METHODS
Data

Individual-level data from the T1D TrialNet Pathway
to Prevention (PTP, TNO1l) and The Environmental
Determinants of Diabetes in the Young (TEDDY) natu-
ral history studies were used for model development.
TrialNet is an international network dedicated to study-
ing and preventing T1D, with centers located throughout
the United States, Canada, Finland, the United Kingdom,
Italy, Germany, Sweden, Australia, and New Zealand.'®"
TrialNet PTP screened relatives of individuals with T1D
for the presence of circulating AAbs, and those identified
at risk for developing T1D received close monitoring until
the diagnosis of the disease. During the follow-up (annual
or semi-annual depending on risk level), individuals had
regular assessment visits where blood samples were col-
lected for continued evaluation of AAb status. In addition,

the collection of longitudinal samples, the determination
of metabolic status (e.g., dysglycemia), and the compre-
hensive collection of metadata were performed during the
visits.”® On the other hand, TEDDY is a birth cohort and
includes centers in the United States, Finland, Sweden,
and Germany, where 424,788 newborns were screened
for HLA-DR-DQ genotypes giving increased T1D risk.* 2
Participating children completed their initial study visit
by 4 months of age, and this closed cohort (n=8676) was
followed for the appearance of AAbs and/or T1D diagno-
sis. Clinic visits occur quarterly until age 4 years, and then
every 6 months through age 15years. Children with one
or more persistent AAbs were followed quarterly, and an
Oral Glucose Tolerance Test (OGTT) was performed on
these children every 6 months. In addition, the partici-
pants completed additional questionnaires and anthropo-
metric measurements at each visit.? Data from both PTP
and TEDDY studies were combined in this study to create
a unique database for modeling. In addition, placebo data
from the phase II randomized controlled TrialNet TN10
Anti-CD3 (Teplizumab) Prevention Trial** was further
used for additional validation of the final disease progres-
sion model.

Modeling variables, time metric, and
covariates

The 2-h OGTT (GLU120) measures the body's ability to
control the blood glucose level after drinking a standard-
ized glucose drink (1.75g/kg of body weight up to a maxi-
mum of 75g>). Being used to classify glucose tolerance
status as either normal or impaired, the GLU120 is one of
the diagnostic criteria for diabetes.”® Additionally, one of
the typical primary outcomes in T1D prevention clinical
trials is the measurement of time-to-T1D diagnosis.***’
Because GLU120 and time-to-T1D diagnosis were among
the variables available in the database, they were both
selected for model fitting.

The time metric used for the disease progression model
was time in years after a derived baseline visit, which was
defined as the earliest timepoint from study entry at which
the subject had multiple (>2) AAbs and non-missing infor-
mation for the covariates evaluated (see Table 1 for covari-
ates tested). Specifically, the derived baseline was identified
after a retrospective analysis of the data based on two key
findings; (1) in both TEDDY and PTP, data were frequently
missing for glycemic measures (OGTT and HbAlc); and
(2) non-missing information for glycemic measures was
recorded when subjects began experiencing dysglycemia.
Under this definition, the profile of a subject became much
more homogenous between both studies, despite TEDDY
being a birth cohort and PTP being a cross-sectional study.
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TABLE 1 Summary of the curated dataset.

Variable description

Numerical variables, n
Number of individuals
Continuous variables, mean (SD)
Age at derived baseline

Stimulated glucose measurement (120 min of OGTT) at
baseline

Fasting glucose measurement (0 min of OGTT) at baseline
Glycated hemoglobin result at baseline

C peptide level at baseline (0 min of OGTT).

C peptide level at baseline (120 min of OGTT).

GLU120 - GLUO at baseline

PEP120 - PEPO at baseline

GLU120/GLUO at baseline

PEP120/PEPO at baseline

Body mass index at baseline

Units

Years
mg/dL

mg/dL
%

ng/mL
ng/mL
mg/dL
ng/mL

kg/m?

TEDDY

259

7.3(2.1)
107 (24.6)

87.4(8.7)
5.2(0.2)
1.1(0.5)
3.9(1.8)
19.7 (25.4)
2.8 (1.6)
1.2(0.3)
4(2.2)
16.8 (2.8)

TrialNet

1006

14.1 (10.4)
118.6 (28.6)

89.1 (9.4)
5.1(0.3)
1.6 (0.8)
6.1(3.1)
29.5 (29.5)
4.6 (2.6)
1.3(0.4)
43(2.1)
20.9 (9.2)

ASCPT

Total

1265

12.7(9.7)
116.3 (28.2)

88.8(9.2)
5.1(0.3)
1.5(0.8)
5.7(3)
27.5(29)
4.2(2.5)
1.3(0.4)
43(2.1)
20.1 (8.4)

Categorical variables, n [it represents the number of individuals in each category indicator=1.] (%) [percentage w.r.t. corresponding

dataset]
GADA AAb presence at baseline

IA2A AAD presence at baseline

IAA AAD presence at baseline

ZnT8 AAb presence at baseline

Presence of at least 2 AAbs at baseline

Presence of at least 3 AAbs at baseline

Presence of at least 4 AAbs at baseline

Subject has FDR with T1D

Subject's sex

HLA category as determined by TEDDY's increased risk
groups. The high-risk genotypes for participants screened
from the general population were as follows: DR3-
DQ2.5/4-DQS8, DR4/4, DR4/8, and DR3/3. An additional
six genotypes were included for FDR to a subject with
T1D: DR4/4, DR4/1, DR4/13, DR4/4, DR4/9, and DR3/9

Presence of GADA and IAA AAbs at baseline

Presence of GADA and IA2A AAbs at baseline

Presence of GADA and ZNT8 AAbs at baseline

0=no,
1=yes
0=no,
1=yes
0=no,
1=yes
0=no,
1=yes
0=no,
1=yes
0=no,
1=yes
0=no,
1=yes
0=no,
1=yes
0=female,
1=male

0=not increased
risk,

1=increased
risk

0=no,
1=yes
0=no,
1=yes
0=no,
1=yes

223 (86.1)

161 (62.2)

155 (59.8)

172 (66.4)

125 (48.3)

75 (29.0)

59 (22.8)

40 (15.4)

156 (60.2)

259 (100)

39 (15.1)

26 (10.0)

37(14.3)

911 (90.6)

622 (61.8)

511 (50.8)

725 (72.1)

443 (44.0)

369 (36.7)

194 (19.3)

1006 (100)

554 (55.1)

364 (36.2)

137 (13.6)

92(9.1)

149 (14.8)

1134 (89.6)

783 (61.9)

666 (52.6)

897 (70.9)

568 (44.9)

444 (35.1)

253 (20.0)

1046 (82.7)

710 (56.1)

623 (49.2)

176 (13.9)

118 (9.3)

186 (14.7)

(Continues)
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TABLE 1 (Continued)

Variable description

Presence of IA2A and IAA AAbs at baseline

Presence of IA2A and ZNT8 AAbs at baseline
Presence of IAA and ZNT8 AAbs at baseline

Presence of GADA, IA2A, and IAA AAbs at baseline
Presence of GADA, IAA, and ZNT8 AAbs at baseline
Presence of GADA, IA2A, and ZNT8 AAbs at baseline
Presence of IA2A, IAA, and ZNTS8 AAbs at baseline

Presence of GADA, IA2A, IAA, and ZNT8 AAbs at baseline

Units TEDDY TrialNet Total
0=no, 5(1.9) 6(0.6) 11(0.9)
1=yes

0=no, 13 (5.0) 42 (4.2) 55(4.3)
1=yes

0=no, 5(1.9) 17 (1.7) 22(1.7)
1=yes

0=no, 17 (6.6) 46 (4.6) 63 (5.0)
1=yes

0=no, 17 (6.6) 81(8.1) 98 (7.7)
1=yes

0=no, 28 (10.8) 212 (21.1) 240 (19.0)
1=yes

0=no, 13 (5.0) 30 (3.0) 43(3.4)
1=yes

0=no, 59 (22.8) 194 (19.3) 253(20.0)
1=yes

Abbreviations: AAb, autoantibody; FDR, first degree relative; GADA, glutamic acid decarboxylase autoantibody; GLUO, Fasting glucose measurement (0 min
of OGTT); GLU120, stimulated glucose measurement (120 min of OGTT); HLA, human leukocyte antigen; IA2A, islet antigen-2 autoantibody; IAA, insulin
autoantibody; OGTT, oral glucose tolerance test; PEPO, C peptide level at 0 min of OGTT; PEP120, C peptide level at 120 min of OGTT; SD, standard deviation;
T1D, type 1 diabetes; T1D, type 1 diabetes; TEDDY, The Environmental Determinants of Diabetes in the Young; ZnT8, zinc transporter-8 autoantibody.

Data curation

Disease progression model development

Training dataset

Individual patient-level data from
natural history studies
(2190 subjects)

Derived baseline was defined as
the earliest timepoint with the
presence of all individual features

(1752 subjects)

No values of GLU120, GLUO and
HbA1c indicating diabetes
(1533 subjects)

Final curated dataset
(1265 subjects)

Time range was defined from 0 to
6 years after derived baseline
(1265 subjects)

Presence of 2 2 AADb at derived
baseline
(1314 subjects)

Data ]
splitting (1016 subjects)
Model time-to-T1D
diagnosis using a
parametric TTE approach

Model longitudinal
dynamics of GLU120
using NLME

Joint model (NLME + TTE)

Stepwise covariate search

Joint model validation
using test dataset

> Test dataset
(249 subjects)

FIGURE 1 Data curation and disease progression model development workflow. AAb, autoantibody; GLU120, 120 min of oral glucose

tolerance test; GLUO, fasting glucose measurement (0 min of oral glucose tolerance test); HbAlc, glycated hemoglobin; NLME, nonlinear

mixed effects; T1D, type 1 diabetes; TTE, time to event.

In both studies, longitudinal assessments of AAb status
were generally non-missing. Therefore, a data curation
process was done using the combined database of PTP and
TEDDY natural history studies (Figure 1), where individ-
uals must contain all features/covariates to be considered
at the derived baseline. Individuals whose measures at the
derived baseline indicate diabetes were further excluded
(i.e., GLU120>200mg/dL, fasting glucose >126 mg/dL, or
HbA1lc>6.5%).%® Presence of greater than or equal to two

AAbDs at the derived baseline was requested for individu-
als to be included in the analysis. Additionally, from the
time of the derived baseline, the duration of follow-up was
truncated at 6years after which data became sparse. The
derived baseline results in a population of individuals who
are likely to enter T1D prevention trials, because they are
probable to start showing dysglycemia. Such individuals
are potentially to progress to T1D within a typical trial du-
ration (<2years).’



T1D DISEASE PROGRESSION JOINT MODEL

| 1021

The curated combined database was divided randomly
into training and test datasets, whereas considering the
balanced distribution of the covariates. Approximately
80% of the individuals were assigned to the training
dataset for model development, whereas the remaining
individuals were set apart for the test dataset for model
validation (i.e., 80:20 train-test split; Figure 1).

Disease progression model
Structural model development

In joint models created to track disease progression,
changes are typically determined by repeatedly measuring
a disease-relevant biomarker (i.e., GLU120) and establish-
ing the effect of the biomarker on the time-to-event (TTE)
of interest (i.e., T1D diagnosis). The joint modeling frame-
work proposes that the relative risk model for the TTE
outcome is dependent upon the true underlying value of
the longitudinal outcome, which is modeled using a non-
linear mixed effect (NLME) model, and where estimations
are based on the joint distribution of both outcomes.”
Therefore, in this study, the individual-level longitudinal
GLU120 values were incorporated as a time-varying bio-
marker affecting one of the TTE model parameters. The
longitudinal changes in GLU120 were quantified using a
model equation, and all joint model parameters were si-
multaneously estimated.

Specifically, the NLME modeling approach was used
to model the dynamics of the longitudinal time-varying
biomarker, GLU120, which allows quantifying random
effects from between-subject variability (BSV) and re-
sidual variability (RV). Several mathematical functions
were tested as a structural model, including linear, qua-
dratic, maximum effect (E,,,,), and sigmoid E,,,, func-
tions. Structural model parameter distributions were
considered lognormal. Several residual error model
structures were tested, such as additive, proportional,
and combined. Correlation between model parameters
was also tested.

The time-to-T1D diagnosis was captured by a paramet-
ric TTE modeling approach. Several hazard functions were
tested as a structural model, such as exponential, Weibull,
log-logistic, uniform, Gompertz, gamma, and generalized
gamma functions.

After each of the GLU120 and time-to-T1D was mod-
eled using the NLME and TTE approaches, respectively,
these two components combined to a joint model. To
quantify the association, we tested connections between
parameters from each model of the two components by
considering clinical plausibility as well as statistical met-
rics comparing the prediction and empirical data.

ASCPT

Covariate model development

Covariates measured at the derived baseline were as-
sessed in both components using a classic stepwise co-
variate modeling (SCM) method where a set of iterations
of forward selection were followed by a set of iterations
of backward removal. The thresholds for the p values for
the covariate forward addition and backward elimina-
tion were 0.05 and 0.01, respectively.” Finally, a rational
criterion for covariate inclusion was applied based on
previous knowledge of the disease. Covariates were in-
corporated into the models using a power function (see
Equations S1 and S2), and, in the case of continuous co-
variates, they were centered by their weighted mean val-
ues (see Supplementary Material S2. Model Project File).

Model evaluation and selection

The model evaluation and selection were based on sev-
eral criteria, such as the visual inspection of the goodness
of fit (GOF) plots based on predictions and residuals, the
Akaike Information Criterion (AIC), precision of param-
eter estimates, and successful minimization of the model,
visual predictive checks (VPCs), and reasonable clinical
explanation of the association.

The final disease progression covariate joint model was
validated using internal hold-out among the combined
dataset of the PTP and TEDDY databases and further val-
idated using TN10 database. The simulation-based VPC
plots were obtained based on 200 simulations. A workflow
summarizing the disease progression model development
process is shown in Figure 1.

Software

Monolix software (version 2021R1; Lixoft, Antony,
France) was used for model development and R program-
ming language (version 3.6.1)*! was used for data process-
ing and visualization.

RESULTS
Data summary

The combined and curated dataset included 1265 indi-
viduals with greater than or equal to two T1D-related
AADs and 8341 observations for GLU120 measurements
(age at baseline, 12.71 +9.69years; age range at baseline,
1-56years). The final dataset used for model development
is summarized in Table 1. The training and test dataset
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included 1016 and 249 individuals, respectively. Figure 2
visualizes the maintained distributions of the covariates
in both datasets.

Disease progression joint model

The sigmoid E,,,, model was selected as the base model
structure that best captured the longitudinal dynamics of
GLU120 NLME model (Equation 1) based on the AIC cri-
teria (see Table S1).

DP,gy, o 11
GLU120(t); = DPy + | ———— 1
(= DPo, DPy, 7t + 17 W

where ¢ is the years from the derived baseline when GLU120
is measured for the individual i, and DP,;, DP,,, .. DPs;, and
y; represent the baseline score of GLU120, the maximum
GLUI120 change, the time producing 50% of DP,,,,, and the
steepness of the curve of the individual i, respectively.

The selection of the TTE model based on the AIC
criteria was a Weibull model, given that there were no

significant differences among Weibull, gamma, and log-
logistic models (see Table S2). The Weibull model was
chosen as the base model structure for its simplicity
(Equation 2).

where scale (Te) and shape (p) are the structural parameters
of the TTE model. The scale parameter represents the time
at which the survival value is ~0.4. The hazard function h(t)
is the instantaneous rate of an event, given that it has not
already occurred. This function is linked with the survival
function S(¢), which is the probability that the event hap-
pens after time ¢, by the following equation:

S(t) = e~ o heod ?3)

The final joint base model structure was defined in
Equation 4, where the output of the longitudinal NLME
model, GLU120(t)i, was incorporated into the TTE
model to modify the Weibull scale parameter, Te. This
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) (9) (h) FIGURE 2 Distribution of covariates
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[2} [2} [} [} g
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T T T T
Absence Presence Female Male
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Set Training dataset Test dataset

T
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FoR antigen-2 autoantibody; PEP120, C

peptide level (120 min of oral glucose
tolerance test).
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incorporation was made in a way that, at a given time ¢, an
increment on the result of the GLU120 model decreases
the scale parameter Te (Figure 3), which translates into
an augmentation of the hazard rate of the TTE part of
the developed joint model, and therefore, the risk of T1D
diagnosis increases. Conceptually, this implies that dys-
glycemia modifies the risk of a T1D diagnosis in a time-
dependent manner.

T — In(T Teel GLU120(t);
e —exp<n( e)—pP_Tee n<T)>
_p t \P1
0= (7) @

Five covariates were added to the joint model through
the SCM analysis, among the investigated covariates
listed in Table 1. The baseline presence of glutamic acid
decarboxylase 65 AAb (GADA) and the baseline value of
HbA1c were associated with DP,,.; the baseline presence
of insulinoma associated protein-2 AAb (IA2A) was as-
sociated with DP.,; and GLUO as well as GLUratio were
associated with DP,. Table 2 summarizes the final pa-
rameter estimates of the joint model with the selected co-
variates, along with the interpretation of the parameters.
The final model codes written in Monolix are available in
Supplementary Materials S2 and S3.

For internal validation, visual inspection of standard
GOF (see Figure S1) and VPC plots (see Figure 4a,b) on

400 .

300

2007

Te' (years)

1004

100 200 300 400 500
GLU120 (mg/dL)

FIGURE 3 Effect of the time-varying biomarker GLU120 on
the Weibull scale parameter Te’. The data shown in this figure
was obtained from 100 simulations for one subject. The red line
represents the smooth line obtained using the generalized additive
model smoothing method. GLU120, 120 min of oral glucose
tolerance test; Te’, scale parameter of Weibull function.
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the training dataset revealed no visible bias and show
good agreement between observed and predicted data.
Additionally, the VPC plots for the longitudinal and
TTE parts were generated for the test dataset and show
good predictive performance of the final model (see
Figures 4c,d).

The wvalidation results using TN10 dataset were
visualized in Figure S2. It was performed using the com-
plete (n=32; see Figure S2a,b) and reduced (n=24; see
Figure S2c,d) TN10 trial placebo group data. For the re-
duced validation dataset, eight individuals were excluded
as they were diagnosed with T1D before 4 months since
randomization. Although the GLU120 model was able to
make decent predictions in spite of the small sample size,
the TTE model showed some discrepancies.

Subject features influencing the
likelihood of eventual T1D diagnosis

In order to understand the influence of the covariates
incorporated into the final joint disease progression
model, survival curves were simulated for virtual indi-
viduals with different features. Figure 5 visualizes the
predicted survival curves that were stratified by the se-
lected covariates. Four different datasets were created
where the only characteristic, measured at the derived
baseline, that changed were the presence of GADA
(Figure 5a), the presence of IA2A (Figure 5b), and
HbA1lc (Figure 5c), respectively. The presence of IA2A
and a high HbAlc at the derived baseline increased the
risk of T1D diagnosis, as it is visualized in the survival
curves of Figure 5b,c. On the other hand, Figure 5a
shows how the presence of GADA at the derived base-
line affects the Kaplan-Meier curves, decreasing the
risk of T1D diagnosis.

DISCUSSION

T1D prevention clinical trials are challenging especially
in terms of identifying patient subgroups which are likely
to reach a T1D diagnosis during the trial. Although it has
long been established that AAbs are pathologic predic-
tors of T1D, the presence of different AAb combinations
is associated with highly variable durations until diagno-
sis. As a result, there is a need to optimize clinical tri-
als in order to simultaneously account for patient factors
(i.e., age) and disease factors (i.e., presence of AAbs) that
drive the progression of the disease. The use of available
patient-level data which captures such features offers
the potential to define quantitative descriptions of dis-
ease progression. This work utilized data from two T1D
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TABLE 2 Final parameter estimates of the joint model.

Value [%CV,

Parameter %Shrinkage] %RSE

Fixed effects
Typical value of DPy, 6.09years 12.2
Typical value of DP, . 208.72mg/dL 23.9
Typical value of y (gamma) 1.75 21.5
Typical value of DP, 107.31 mg/dL 0.414
Te 91.81years 4.33
p 1.20 0.683
B_Te 6.13 2.29
p_DP,,. BSCORE_GADA 17  —0.73 29.5
p_DP, .. logtBSCORE_HbAlc'  8.92 13.2
p_DP,,_BSCORE_IA2A_1 -0.71 16.5
p_DP, logtBSCORE_GLUO' 0.88 439
B_DP,_logtBSCORE_ 0.79 1.71

GLURATIO'

Random effects
BSV DP, 0.72 [82, 77.4] 10.1
BSV DP,,,, 1.69 [405, 54.4] 8.58
BSV y (gamma) 1.76 [460, 51.5] 10.3
BSV DP, 0.043 [4, 68] 8.099
RV proportional error 0.16 1.23

Interpretation of parameter

Time producing 50% of DP .

Maximum GLU120 change

Define the steepness of the curve

Baseline GLU120

Weibull scale parameter

Weibull shape parameter

Parameter measuring the influence of longitudinal GLU120 in Te

Presence of GADA AAD at the derived baseline decreases the risk of
T1D diagnosis

A higher glycated hemoglobin level at the derived baseline increases
the risk of T1D diagnosis

Presence of IA2A AAb at the derived baseline increases the risk of
T1D diagnosis

A higher oral glucose tolerance test (0min) level at derived baseline

increases the risk of T1D diagnosis

A higher GLU120/GLUO ratio at the derived baseline increases the
risk of T1D diagnosis

Random effect parameters representing standard deviations of inter-
individual random variables for the parameters [the coefficient of
variation (%) and the shrinkage (%)]

A proportional error model parameter added to describe residual
variability

Abbreviations: AAb, autoantibody; BSCORE, baseline value; BSV, between-subject variability; GADA, glutamic acid decarboxylase autoantibody; GLUO, 0 min
of oral glucose tolerance test; GLU120, 120 min of oral glucose tolerance test; IA2A, islet antigen-2 autoantibody; RSE, relative standard error; RV, random

variability; T1D, type 1 diabetes.
p<0.0001 (Wald test).

natural history studies (PTP and TEDDY) to develop a
T1D disease progression model that can be used to in-
form T1D prevention trial designs. A joint disease pro-
gression model was developed that linked a longitudinal
glycemic measure (GLU120) to timing of T1D diagnosis
through longitudinal and TTE models with other patient
features measured at the derived baseline, including
HbA1lc and the presence of different AAbs. The use of
a joint model approach instead of separate longitudinal
and TTE analysis can potentially reduce parameter esti-
mate bias and additionally permitted the inclusion of a
relevant T1D disease progression longitudinal biomarker
(GLU120) measured with random effects (i.e., BSV and
RV) into the TTE model.> Essentially, this innovative
model provides the ability to quantitatively predict and
simulate the time to T1D diagnosis in individuals at risk
of developing the disease.

The combined effect of multiple covariates on the
time to T1D diagnosis was quantified. Of the five covari-
ates added to the model, one of them decreased the risk of
T1D diagnosis, and four of them increased that risk. The
presence of GADA at the derived baseline was the selected
covariate that decreased the risk of T1D diagnosis. It is im-
portant to remark that the analyzed population dataset was
ensembled with individuals that had greater than or equal
to two T1D-related AAbs. In this context, lower risk due to
the presence of GADA at baseline does not contradict the
evidence that GADA is a factor that increases the risk of
T1D in the general population.* In addition, this finding is
consistent with published previous works, where the pres-
ence of GADA as a primary AAD (i.e., the first islet AAb
detected) is associated with a slower disease progression
relative to the presence of insulin as the primary AAb, for
example.” ™ The presence of IA2A, higher HbA1c, higher
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FIGURE 4 Visual predictive check model diagnostic plots of the final T1D disease progression joint model using training dataset (top
panel) and test dataset (bottom panel), for the longitudinal glucose measure (left panel) and time to T1D diagnosis (right panel). The visual
predictive check plots (a) and (c) show the median (black solid line) and the 5th and 95th percentiles (lower and upper black dashed lines,
respectively) of the observed data. The red shaded areas indicate the 95% CIs of the model prediction of the median, and the blue shaded
areas show 95% CIs of the model prediction for the 5th and 95th percentiles. The solid lines - red for the median and blue for the 5th and
95th percentiles - represent the model prediction. The visual predictive check plots (b) and (d) show the Kaplan Meier curve (black solid
line) of the observed data. The gray shaded area indicates the 90% CIs of the observed Kaplan Meier curve. The black dashed line represents
the median of the model prediction. The blue shaded areas indicate the 90% CIs of the model prediction of the median. CI, confidence
interval; GLU120, 120 min of oral glucose tolerance test; T1D, type 1 diabetes.

GLUO, and higher GLUratio at derived baseline were the
covariates added that increased the risk of T1D diagnosis.
This is in concordance with the hypothesis that IA2A pos-
itivity is identified in subjects at more advanced phases in
the process of beta-cell damage and, therefore, closer to
clinical diagnosis.” HbAlc, GLUO, and GLUratio at the
derived baseline are each related to blood glucose control
impairment. Consequently, these covariates make sense in
the advancing of T1D disease progression.

Nevertheless, we acknowledge the limitations of our
analysis. The joint disease progression model should be ap-
plied just to individuals at risk of developing T1D because
that was the population used for model fitting. Any pre-
diction on individuals that do not fulfill this requirement
is an extrapolation, and there is a lack of confidence in
the results. In addition, the validation results using TN10
dataset showed some discrepancies between observed and
predicted measures. It is important to remark that the
number of subjects in the validation dataset was limited
(i.e., a total of 32 subjects). Twenty-five percent of them

(8 individuals) were diagnosed with T1D within 4 months
since randomization, which was different from our cu-
rated dataset that was used to develop the joint disease
progression model. In fact, in the training dataset, only
10 individuals (<1% of the training set) were diagnosed
with T1D within 4 months since the derived baseline. In
addition, the validation dataset is not fully independent of
the data used for model development because participants
of TrialNet TN10 Anti-CD3 (Teplizumab) Prevention Trial
could be part of the PTP population. Therefore, a more
extensive external validation dataset is needed in order to
be able to test the robustness of the predictions from the
developed T1D disease progression model.

As a future direction, a model-based CTS platform will
be created. This tool will use the developed T1D disease
progression joint model, and it could be used by drug de-
velopers to support the decision making of future T1D pre-
vention trial designs through simulations. In addition to the
disease progression model, the CTS tool will include: (1) a
trial design section where the user can select, for instance,
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the trial duration and number of subjects per arm; (2) a trial
population section where the user can choose the target
population based on baseline covariate selection; and (3) a
drug behavior section where the user can select a hypothet-
ical treatment effect modifying the magnitudes of the final
disease progression model parameters. Simulations of T1D
prevention clinical trials, where users could define subjects’
characteristics, trial design parameters, and a hypothetical
drug effect for the treatment arm, could be performed. The

o -

power of the virtual trial could be computed as the ratio of
the number of simulations in which the placebo and treat-
ment arms are statistically different over the total number
of simulations, providing a tangibly readable output for the
drug development community.

In conclusion, the developed T1D disease progression
model accurately reflects data from TEDDY and PTP nat-
ural history studies. The model was validated using the
internal hold-out approach, increasing its credibility. It
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was further validated using TN10 dataset, but more data
are needed. The developed model quantifies the combined
effect of multiple covariates on the time to T1D diagnosis.
The model provides a framework to quantitatively predict
and simulate the time to T1D diagnosis in individuals at
risk of developing the disease and thus, aligns with the
needs of drug developers and academic researchers seek-
ing to advance therapies capable of delaying T1D disease
progression. Finally, A user-friendly T1D prevention CTS
platform will be developed based on the T1D disease pro-
gression model. This graphical user interface app will
have the advantage to expand the use of the outcome of
this project to a broader audience.
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